Using data from a unique experiment designed by Chetty et al. (2009), I am able to estimate and compare the effect of a perceived price increase of the same percentage magnitude on products whose dollar-value increases (products with "sensitive dollar-value" prices or SDV-products) versus products whose dollar-value remains the same (products with "rigid dollar-value" prices or RDV-products). Chetty et al. (2009), find that consumers perceive tax-salience as a price increase. I test whether the estimates of this effect are significantly different between SDVproducts and RDV-products, even though the perceived price increase (i.e. tax rate) is the same for all products, 7.375%. The effect on demand for SDV-products is consistently statistically significant and ranges between -11.1% and -17.9%, while the effect on demand for RDVproducts appears to be statistically insignificant and ranges between -1.09% and -5.32%. This suggests there might be a substantial level of consumer inattention to price digits to the right of the decimal point (e.g. price cent-value), at least for relatively small prices (i.e. less than $10). Differences between the consumer's perceived price of a good and the actual price of a good (i.e.
Introduction
If you were to visit your favorite coffee shop and realize that the price for one cup of coffee has increased from $3.20 to $3.52 (call this scenario A), would you still buy that one cup of coffee? What if the price of that same cup of coffee at your favorite coffee shop was initially $2.60 and the new price was $2.86 (call this scenario B)? Would you still buy one cup of coffee?
Now, imagine that the price of that same cup of coffee had increased from an initial $2.90 to $3.19 (call this scenario C); would you still buy that same cup of coffee? While the proportional increase in price in each scenario is always the same, 10 percent, some people would answer yes to the first two questions and no to the latter 1 . This is an example of left-digit bias and inattention that affects agents' economic decisions.
In scenarios A and B, the prices leftmost-digit does not change, while in scenario C the prices leftmost-digit increases by one unit. If economic agents limit their attention to the leftmost-digit, they would perceive a price increase under scenario C, but not under scenarios A and B. Given that attention is a scarce resource, it is understandable to find situations as previously described, where individuals may based their decisions on a limited amount of the "available" information million wholesale used-car transactions and find that sale prices drop discontinuously as the odometer mileage on used cars crosses the 10,000-mile threshold.
The current literature has explored the effect of consumers' inattention in "opaque" or "hard to find" components of the final price of a good (shipping charges, alternative fix prices and nonsalient taxes), and while some have tried to estimate the effects of inattention when the information is relevant and clearly visible, this has only been accomplished using quality metrics that we expect consumers to incorporate into their decision making process (odometer mileage on used cars). This study differs from the current literature since it will test whether inattention affects consumer decisions even in the extreme case where all components of the final price are clearly visible.
In section 2, I motivate the empirical analysis by proposing an extension of the partial inattention framework introduced by DellaVigna (2009), to partial inattention to digits to the right of the decimal point of the price. DellaVigna (2009), defines the value of a good, (inclusive of price), as the sum of a visible component and an opaque component :
. Due to inattention, the perceived value of the same good is given by . The parameter denotes the degree of inattention, thus when there is full attention to the opaque signal and . Following this framework, I define the price of a good as the sum of its dollar-value (or units to the left of the decimal point) and its cent-value (or units to the right of the decimal point). In terms of DellaVigna's framework, the dollar-value of the price can be seen as the component of the perceived price and the cent-value of the price can be seen as the component of the perceived price. Thus, the model assumes that the digits to the left of the decimal point receive full attention, while people may pay only partial attention to the digits to the right of the decimal point 3 .
To test this hypothesis I use data from an experiment designed and used by Chetty et al.
(2009), who show that posting tax inclusive prices cause demand to decrease by almost the same amount (about 7.6 percent) as a price increase of the same magnitude as the tax rate (7.375 percent This study also differs from the "99-cent" economics and marketing literatures (Ginzberg, 1936; Basu, 1997 and 2006) since the unique experimental design does not restrict us from only considering one cent differences around the zero threshold of the price cent-value 6 .
In Section 3, I discuss the details of the experiment and data. The experiment was implemented at a supermarket over a three-week period in early 2006. As in most other retail stores in the United States, prices posted on the shelf exclude the sales tax, of 7.3575 percent, which is added to the bill only at the register. To test if consumers incorporate sales taxes in 3 Lacetera et al. (forthcoming) use a similar framework to model how people with left-digit bias process large numbers using a quality measure. 4 Scenario C, from our initial example, is a case of sensitive dollar-value price. 5 Scenarios A and B, from our initial example, are cases of rigid dollar-value prices. 6 Appendix 1 shows the cent-value distribution for sold items.
purchasing decisions, tags showing the tax-inclusive price were displayed below the original pretax price tags (shown in Appendix 2). All products, roughly 450, in 13 taxable categories were treated (e.g. cosmetics, hair care accessories and deodorants). Weekly-product level scanner data was collected for the 13 treated categories and 96 other control categories, in treated store as well as two other control stores in nearby cities. This design allows me to use a difference-indifference (DD) research design and verify the common trends conditions for the validity of our estimates by calculating difference-in-difference-differences (DDD).
The results obtained using this experimental data and research design are presented and discussed in Section 4. The DD results show that in treated categories products with SDV prices seem to have a large and statistically significant decrease in sales (about 10.7%), while sales for products with RDV prices have a small and statistically insignificant decrease (about 2.44 percent). When taking into account changes (DD) in sales for control categories and computing the DDD we find that the decrease in sales for products with SDV prices continue to be large (about 11.8%) and statistically significant and the decrease for products with RDV prices becomes continues to be small and statistically insignificant (about 1.09%). These results are robust 7 when limiting the analysis to products with relatively small prices 8 . We also limit our analysis to products whose pre-tax price is 20 cents below and above the unit threshold.
Interestingly, the point estimate (DDD) for products with SDV prices become more statistically significant and larger in magnitude (a decrease of about 17.9% in sales), and although the point estimate for products with RDV become greater in magnitude (a decrease of about 5.32% in sales) it remains statistically insignificant. Section 5, concludes, discusses the implications of the results and suggests ideas for future research. where is the base-10 power of the non-zero leftmost-digit of ; is the base-10 power of the non-zero rightmost-digit of ; is the value of the digit in each base-10 n power, such that for and for all ; and is the inattention parameter as defined before, such that .
Empirical Framework
Note that Equation 2 considers the possibility of decreasing attention to digits further to the right, in both the integer and fractional part of the price 9 . Also, as L increases attention to the fractional part of the price practically disappears.
The current study does not precise to estimate the actual value of theta, but rather to present evidence that such parameter is not equal to zero as expected by classic economic theory.
In order test this hypothesis, of partial attention to digits to the right of the decimal point, I will test whether the effect of a perceived price increase is different for products whose dollar-value increases (SDV-products) versus products whose dollar-value not change (RDV-products) given a perceived price increase of the same magnitude.
Data 10
a. Experiment
The experiment was conducted in store, in a Northern California middle-income suburb, of a national grocery chain. The store floor space is about 42,000 sq. ft. and has weekly revenue of approximately $300 thousand. About 30 percent of the products sold in the store are subject to the local sales tax of 7.375 percent, which is added at the register. Tax inclusive prices were posted on all the products, roughly 450, in 13 categories that occupied about half of the toiletries aisle (e.g. cosmetics, hair care accessories and deodorants). The criteria used to select such categories were: (1) not "sales leaders", given that the grocery chain managers were expecting the treatment to reduce sales; (2) products with relatively high prices, so that the dollar amount of the sales tax is nontrivial; and (3) products that exhibit high price elasticities, so that the demand response to the intervention would be detectable. attached directly below this tag for each product. In order to avoid giving the impression that the price of the product had increased, the original pre-tax price was repeated on the new tag and the font used in the new tag was exactly matched to the font used by the store for the original tags.
The store changes product prices on Wednesday nights and leaves the prices fixed (with rare exceptions) for the following week. This period is known as a "promotional week". To synchronize with the stores' promotional weeks, a team of researchers and research assistants printed tags every Wednesday night and attached them to each of the 450 products. The tags were changed between 11 pm and 2 am, which are low-traffic times at the store. The tags were printed using a template and card stock supplied by the store (often used for sales or other additional information on a product) in order to match the color scheme and layout familiar to customers.
b. Empirical Strategy I estimate and compare the effect of the intervention on demand, using a difference-indifference (DD) estimate approach, for products with sensitive dollar-value (SDV) prices and products with rigid dollar-value (RDV) prices. I perform the DD analysis by comparing changes in the average weekly sales between the baseline and experimental period in the "treated categories" between the "treated store" and two "control stores". The "treated categories" are considered to be the 13 categories that occupied about half the toiletries aisle with taxable products (e.g. cosmetics, hair care accessories and deodorants) and whose tags were modified.
See Appendix 3 for a full list. The two "control stores" were chosen, using a minimum-distance criterion, to match the treatment store prior to the experiment on demographics and other characteristics shown in Table 1Table 1. It is also possible to verify the common trend condition by computing the DD estimates for "control categories". These categories should not have been affected by the treatment. The "control categories" are 96 categories in the same toiletries aisle as the "treated categories" with similar taxable products (e.g. toothpaste, skin care, and shaving products). See Appendix 3 for a full list. Lastly, the DD estimates for treated and control categories can be used to compute difference-in-difference-differences (DDD) estimates. As noted by Gruber (1994), as long as there are no shocks that affect the treated store during the experimental period, which is likely to be satisfied given the exogenous nature of the experiment, this estimate should be immune to both store-specific shocks and product-specific shocks (i.e.
within-store and within-category time trends are differenced out). Thus, this estimator could be considered a more precise measurement of the effect of the intervention. observations where the weekly quantity or revenue was negative, which are cases where more items were returned than purchased in that week 13 ; nevertheless, including these observations would not affect the results.
Since the scanner data reports only items that were actually sold each week, if a certain product was not sold during a promotional week I set the quantity sold for such products to be zero during that week 14 and impute prices for unsold items before aggregating the data to the category-week-store level. For such unsold items, I use the price in its last observed transaction;
if the product was not sold during the previous week, the price of the product during the following week is imputed; and lastly if neither alternative is possible the average price for that product at each store is used 15 . I categorized each observation as: a) SDV if the dollar-value of its pre-tax unitary price is smaller than the dollar-value of its tax-inclusive unitary price at the category-week-store level, and b) products with RDV prices if the dollar-value of its pre-tax unitary price is the same as the dollar-value of its tax-inclusive unitary price at the categoryweek-store level. From this point forward I will refer to the first type of observations as SDV- 11 My strategy for cleaning the data slightly differs from the one used by Chetty et al. (2009) . Using their data and code we are able to fully reproduce their results. However, using our own data cleaning strategy we are also able to reproduce their results up to the first decimal point. 12 Each product is identified by a unique Universal Product Code (UPC). 13 This is confirmed by grocery store managers. 14 According to store managers it is not uncommon to have very stable inventories through the calendar year. 15 Alternative imputation methods give similar results.
products and to the latter as RDV-products. Finally, I aggregate to the category-week-store-SDV/RDV level and compute total sold quantity, gross and net revenue, average gross and net price 16 for each category.
d. Summary Statistics Table 2 presents summary statistics for the treatment and control categories in the treated, control, and all stores for SDV-products and RDV-products.
a) Products with SDV prices (or SDV-products)
As seen in Table 2 , treated categories sold on average 11.84 units per week in all stores while control categories sold on average 17.85 units per week. It is not surprising to find such differences since, as requested by store managers, the treated categories contain none or very little "sale leaders". The differences in sales between the treated and control categories are also similar between treated and control stores, about 6 units more. Also, as expected, weekly average revenue is greater for control categories than for treated categories ($108.99 and $52.30, respectively). Average prices in the control categories are similar to those in the treated categories ($4.50 and $4.44, respectively), even when weighting prices by quantity sold or when conditioning on sales being greater than zero.
b) Products with RDV prices
As seen in Table 2 , treated categories sold on average 15.07 units per week in all stores while control categories sold on average 12.86 units per week. In contrast, SDV-products in treated categories seem to have similar (or slightly greater) average weekly sales volume as control categories. Nevertheless, the differences in sales between the treated and control categories are also similar between treated and control stores, about 3 units less. Given the smaller magnitude of average weekly sales in control categories, weekly average revenue is actually similar for 16 The average price for each category of goods is defined as where indexes the category, time, and products, is the price of good at time , and is the average quantity sold of good .
control and treated categories ($44.09 and $51.56, respectively). Even though average prices in the control categories are greater ($9.12) than average prices in the treated categories (4.5), when weighting prices by quantity sold this difference decrease and when conditioning on sales being greater than zero prices for control and treated categories are practically the same ($1.50 and $1.83, respectively).
e. Data limitations.
Although …. Table 4 shows a cross-tabulation of mean quantity sold. The first quadrant shows data for RDV-products at treated categories, the second quadrant shows data for SDV-products at treated categories, the third quadrant shows data for SDV-products at control categories, and the fourth quadrant shows data for RDV-products at control categories. In each quadrant, the data is split Now, using the DD TC and DD CC estimates we can construct a difference-in-differencedifferences (DDD) estimator that should be immune to store-specific shocks and productspecific shocks, as discussed above. This estimator, DDD= DD CC -DD TC , is constructed by differencing out within-store and within-category time trends. Table 4 shows that for SDVproducts, DDD= -2.02, with a standard error of 0.98; and for RDV-products, DDD= -0.143, with a standard error of 0.98. Table 3 shows that the base means of quantity sold per category in all categories are 17.13 and 13.16 units, for SDV-products and RDV-products respectively.
Results

a. Comparison of Means.
Therefore, using the DDD estimators we can conclude that, consistent with what we had found with the DD estimators, the demand for SDV-products has a statistically significant decrease of 11.8%, with significance at the 5-percent; while the demand for RDV-products only falls by 1.09% percent, and is statistically insignificant.
b. Regression Results.
a) Difference-in-Difference (DD)
In order to evaluate the robustness of the DD TC and DD CC estimates, for both SDV-products and RDV-products, I can estimate the following regression model for products in treated and control categories, separately:
Equation 3 where denotes quantity sold; sub index denotes type of products (SDV-products and RDVproducts); is a store dummy (indicator that equals 1 if the store was treated, 0 otherwise); is a time dummy (indicator that equals 1 if the experiment took place during that week, 0 otherwise); and is the interaction of the store and time dummies. The coefficient of interest in the previous regression model is DD. (the results from this regression should be consistent with the means comparison results in the previous subsection); (b) only products whose price was less than $10 at least in one week-storecategory observations in the full sample to eliminate noise from oversampling products whose price is more than $10 in the control categories (about 15.6% of the week-store-category observations) since in the treated categories this type of products only account for about 2.7% of week-store-category observations; and (c) only products whose pre-tax price falls within 20-cents below or above the cent-value zero threshold (about 51.2% of the week-store-category observations) to control for possible differences in products unobservable characteristics. In order to simplify the results, I use the DD estimates (Table 5 ) and the base means quantity sold per category in all categories (Table 3) to compute demand changes in terms of percentage points, which are reported in the following paragraphs and shown in Table 6 . sample to only products whose price was less than $10 at least one week-store-category observation in the whole sample does not significantly affects our results (neither in magnitude or statistical significance): sales for SDV-products in treated categories fell 10.15% and in control categories increased 3.54%, both results statistically significant at the 10-percent confidence level; and sales for RDV-products in treated and control categories decrease 2.44% and 1.68%, respectively and continue to be statistically insignificant. On the other hand, Columns 1.c and 2.c Table 6 , show the estimated change in demand when limiting the sample to products whose pre-tax price falls within 20-cents below and above the cent-value zero threshold: the effect on demand for SDV-products in treated and control categories becomes not only greater in magnitude (about a 15.68% decrease and a 6.2% increase, respectively), but the p-values for the estimates decrease to less than 0.01 and less than 0.05 each. Interestingly, the effect on demand for RDV-products in treated categories becomes positive, about 5.94%, though it remains statistically insignificant. Although an estimate of this sort could suggest that individual may in fact prefer products whose price is right below the cent-value zero threshold; it is hard to substantiate such a conclusion 21 in this case, given that there may exist some unobserved product characteristics that might be correlated with products being priced around the cent-value zero threshold.
b) Difference-in-Difference-Differences (DDD)
It is also possible to evaluate the robustness of the DDD estimates by estimating the following regression model for SDV-products and RDV-products, separately:
Equation 4 where denotes quantity sold; sub index denotes type of products (SDV-products and RDVproducts); is the store dummies (indicator that equals 1 if the store was treated, 0 otherwise);
is the time dummies (indicator that equals 1 if the experiment took place during that week, 0 otherwise); is the treatment category dummies (indicator that equals 1 if the category was treated, 0 otherwise); is the interaction of the store and time dummies; *C is the interaction of the store and category dummies; is the interaction of the time and category dummies; and denotes a set of additional covariates (e.g. price). The coefficient of interest in the previous regression model is DDD. Table 7 shows the regression results from estimating 22 Equation 4. In the same way, as it was done for Equation 3, each of the estimates are obtained using three different sample definitions to check for the robustness of the results. Also, in order to simplify the results, I use the DDD estimates (Table 7 ) and the base means quantity sold per category in all categories (Table 3) to compute demand changes in terms of percentage points, which are reported in the following paragraphs and shown in Table 8 . can see that: demand for SDV-products decreased by 11.8%, this result is statistically significant at the 5-percent confidence level; and demand for RDV-products decrease 1.09%, this result is statistically insignificant. Also, Column 1.b of Table 8 , shows that as expected estimates are stable (in both magnitude and statistical significance) when limiting our sample to products whose price had was less than $10 at least one week-store-category observation in the whole sample: demand for SDV-products decreased by 11.1%, this result is statistically significant at the 5-percent confidence level; and demand for RDV-products decrease 2.21%, this result is statistically insignificant. On the other hand, Column 1.c of Table 9 , shows that when limiting the sample to products whose pre-tax cent-value falls within 20-cents below and above the centvalue zero threshold, the estimated decrease in demand for SDV-products becomes even greater in magnitude and more statistically significant: demand decreases by 17.9% with the result being significant at the 1-percent confidence level. Although the estimated decrease in demand for RDV-products also becomes greater in magnitude, to about 5.32%, it remains statistically insignificant.
c) Concerns
Price Level
One may be concerned that price level may be highly correlated with how consumers respond to the tax-inclusive price posting and/or with the probability of certain items been priced such that they can be perceived by consumers as SDV or RDV-products. Thus, I estimate Equation 4 controlling for the mean price of the products in each category; using a quadratic specification; and including categories, stores and promotional weeks fixed effects. Column 2 of Table _ shows 23 that the estimates for SDV-products remain practically unchanged and that although the estimated for RDV-products becomes more negative, they remain relatively small and not significantly different from zero. This result is not surprising since there were no unusual price changes during the intervention period.
Rounding Behavior
We know that the partial inattention framework allows for consumer to round pre-tax prices downward (e.g. if the price of an item is $3.99, consumer may actually think of it as $3.00), this would be the case of . Nevertheless, even if , the partial inattention framework would not account for consumers who may round pre-tax prices upwards when the cent-value is relatively high (e.g. if the price of an item is $3.99, consumer may actually think of it as $4.00).
In Table _ coefficient for products with 99-cents cent-value prices to be not significantly different from zero. It is important to notice that even if consumers actually round up to the next dollar unit prices with 99-cents endings, the SDV-products treatment coefficients would be actually bias toward zero, thus the aforementioned coefficients would actually be a conservative estimate of the intervention.
Although the coefficients on treated categories is not significantly different from zero, as seen on column _, we can see that
Valid Counterfactuals
It is a concern that the introduction of the new level of aggregation, SDV and RDV-products, may be introducing noise into the experiment randomization (e.g. price could be highly correlated with whether an item is defined as SDV or RDV-products). Nevertheless, I am able to
show that the counterfactuals continue to be valid even under this new level of aggregation. In order to do this, I test the null hypothesis of equality of means between baseline and experimental period, and between control and treated stores using some "observable characteristics"; such as: i) average total number of unique products sold, ii) average gross price, and iii) average net price. Appendix 4 presents the p-values for the following four null hypotheses using two-tailed t-tests on data at the week-store-category level: a) mean "observable characteristic" is equal between the treated and control stores during the baseline period for treated/control categories, b) mean "observable characteristic" is equal between the treated and control stores during the experimental period for treated/control categories, c) mean "observable characteristic" is equal between the baseline and experimental period at the control stores for treated/control categories, and d) mean "observable characteristic" is equal between the baseline and experimental period at the treated store for treated/control categories. Table A4 .a shows that the null hypothesis a) cannot be rejected for most (3 out of 26) panels at the 1-percent (or greater) confidence level. It is not surprising to find such cases (e.g. mean gross price for SDV-products in control categories) due to the greater price variation in baseline period, which expands for 60 promotional weeks more than the treatment period, and the larger number of control categories in the sample, which are about nine times more than the treated categories. The fact that the number of null hypotheses rejected is relatively low (3 out of 144 totals), suggest that our counterfactuals are valid even after introducing the new level of aggregation.
Conclusion
Exploiting a unique experiment, and under certain assumptions (i.e. consumers perceive tax salience as a price increase), I am able to estimate and compare the effect of a perceived price increase of the same percentage magnitude on products whose dollar-value increases versus products whose dollar-value remains the same after the increase.
Using a difference-in-difference-differences analysis, I estimate that the effect of a "price increase" (i.e. posting tax-inclusive prices with a tax rate of 7.375) on demand for SDV-products is consistently statistically significant and ranges in between -11.1 and -17.9%, while the effect on demand for RDV-products appears to be statistically insignificant and ranges only in between -1.09% and -5.32%. This suggests that there might be a substantial level of consumer inattention to digits to the right of the price (i.e. inattention to the cent-value in the price of a good), at least consumer's perceived price of a good and the actual price of a good (i.e. there is inattention to certain visible components of the price) may lead to unexpected demand behavior.
Future research could be done using larger prices to generalize these results to a broader price spectrum of prices and test for the possibility of decreasing attention to digits to the right.
Also an experimental design where only products whose price cent-value is right around the zero threshold could allow to control for unobservable product characteristics that might be correlated with pricing schemes. Lastly, a research design where demand elasticities could be obtained could allow us to estimate the actual , or parameter of inattention to right-digits. Note: Standard deviation in parenthesis. Mean statistics are computed at the category-level. Statistic/results are based in: (a) full sample; (b) only products whose price was less than $10 at least in one weekstore-category observations in the full sample; and (c) only products whose pre-tax price falls within 20-cents below or above the cent-value zero threshold. Statistic/results are computed using averages from all stores. Notes: Robust standard errors in parentheses (clustered at the category level). * significant at 10%; ** significant at 5%; and *** significant at 1%. (a) full sample; (b) only products whose price was less than $10 at least in one week-store-category observations in the full sample; and (c) only products whose pre-tax price falls within 20-cents below or above the cent-value zero threshold. Time is a dummy that equals for weeks when the intervention took place. Store is a dummy that equals to for store where intervention took place. Notes: Average quantity sold is the average of total items sold by categories in all stores (see Table 3 ). DD estimates equals from Equation 3 (see Table   5 ). * significant at 10%; ** significant at 5%; *** significant at 1%. (a) full sample; (b) only products whose price was less than $10 at least in one week-store-category observations in the full sample; and (c) only products whose pre-tax price falls within 20-cents below or above the cent-value zero threshold. Notes: Quantity sold is the average of total items sold by categories all stores (see Table 4 ). The DDD estimates are equals from Equation 4 (see Table 7 ). * significant at 10%; ** significant at 5%; *** significant at 1%. The statistic/results are based in: (1) full sample; (2) only products whose price was less than $10 at least in one weekstore-category observations in the full sample; and (3) only products whose pre-tax price falls within 20-cents below or above the cent-value zero threshold. 
